This study investigated the simultaneous spectrophotometric determination of three food colorants -Tartrazine (T), Ponceau 4R (P) and Indigo carmine (I) -in mixtures employing multivariate calibration methods. Absorption spectra of 76 mixtures of the colorants were recorded. The 76 spectra were divided into three sets: calibration, validation and unknown. This study employed three multivariate calibration methods: principal component regression (PCR), partial least square 1 (PLS1) and partial least square 2 (PLS2). The study involved training set characteristics and signal characteristics. Concentration ranges and concentration ratios of the colorants were used as criteria in selection of training sets and found to be important parameters for predictive accuracy.
INTRODUCTION
Existing approaches to simultaneous monitoring of food colorants in the food industry are based on spectrophotometry, thin layer chromatography and high performance liquid chromatography (HPLC) (Karaoglan et al., 2007; Nevado et al., 1999) . UV-Vis spectrophotometry is used in many fields because it is quick, easy and low cost. Spectra due to some analytes in a mixture sample may be complicated due to overlapping of the signal, which would require separating, involving tedious experimental work. Investigation was made in derivatization of UV-VIS spectra of colorant mixtures for better sensitivity in the determination of colorants in a mixture (Bosch Ojeda and Sanchez Rojas, 2004; Capitán-Vallvey DOI: 10.12982/CMUJNS.2013 .0014 et al., 1997 Llamas et al., 2009; Nevado et al., 1994; Nevado et al., 1995; Nevado et al., 1997b) . The derivative process is useful for binary mixtures, but it is more difficult to deal with ternary or more complex mixtures. Chromatographic methods such as thin layer chromatography (TLC) (Nevado et al., 1997a) , capillary electrophoresis (CE) (Haaland and Thomas, 1988; Nevado et al., 1997b) , high-performance liquid chromatography (HPLC) (Haaland and Thomas, 1990; Jores-Kong and Wold, 1982; Ma et al., 2006; Wold, 1966; Wold and Martens, 1983) and even the popular extraction methods (Puttemans et al., 1982; Puttemans et al., 1983) are useful, but generally require complicated treatments using various chemical separation methods.
Multivariate calibration methods such as classical least-squares (CLS), inverse least-squares (ILS), principal component regression (PCR) and partial least-squares (PLS) regression techniques (Dinç et al., 2002; Haaland and Thomas, 1988; Haaland and Thomas, 1990; Ni et al., 2005) have been applied to determine colorants in a mixture without chemical separation. PCR and PLS seem to be popular methods for the analysis of multicomponent mixtures as the two methods can extract important information from overall data and leave out noise data.
In this work, multivariate calibration methods employing PCR and PLS (including partial least squares 1, PLS1, and partial least squares 2, PLS2) techniques have been applied to simultaneous spectrophotometric determination of food colorant mixture of Tartrazine (T), Pouceau 4 R (P) and Indigo carmine (I).
MATERIALS AND METHODS
A Lambda 25 spectrophotometer equipped with 1.0 cm cells and connected to a genuine Intel (r) family 6 model 5 processor 160.0 MB RAM computer operated UV-Winlab version-2.85.04 software (copyright 2000, PerkinElmer, Inc) in scanning mode. PCR and PLS1 methods were calculated by "pls software package" (free software, http://cran.r-project.org/web/packages/pls/index.html) of the "R Project for Statistical Computing" software and PLS2 (developed by Assoc. Prof. Jeerayut Chaijaruwanich, Computer Science, Chiang Mai University). All of software was connected to an AMD Athlon™ 64X2 Dual Core Processor 3800+ 2.20 GHz., 2.00 GB of RAM Physical Address Extension, and used for the statistical treatment of the data and for the application of PCR, PLS1 and PLS2 methods.
Reagents. All solvents and reagents were analytical reagent-grade unless indicated otherwise. Indigo carmine (I) was supplied by BDH; Tartrazine (T) and Ponceau 4R (P) were provided by Adinop Co., Ltd. (Thailand). T, P, and I stock aqueous solutions with concentrations of 200 mg/l were prepared. Acetic acidsodium acetate buffer solution (0.1 M and pH 5.5) was used. From the stocks, solutions with appropriate concentrations were prepared.
Procedure. In calibrated flasks (50 ml), aliquots of the stock solutions were added to 10 ml of acetate buffer solution (pH 5.5) and deionized water to obtain concentrations in the ranges of 4-20 mg/l T; 4-24 mg/l P, and 4-20 mg/l I. The absorption spectra were recorded between 300 and 700 nm against a deionized water blank.
An experimental design of 76 various mixtures with 25 samples and a test set of 51 samples were used to build a partial least squares calibration model to predict the concentration profiles of the compounds. In order to obtain a suitable calibration set to predict the combination of concentrations of the compounds in the studied ranges, we use systematic experimental designs similar to De Carvalho et al., (De Carvalho et al., 2006) . In mixture experiments, it is desirable that the compounds be uniformly distributed over the space. Features such as orthogonality are especially important to have a good model. We employ a partial factorial design for five concentration levels (l = 5). Mutually orthogonal designs are only possible if the number of concentration levels is a prime number, or a power of a prime number. The design requires at least l2 experiments (25 experiments) to study a mixture. After numbering the levels from -2 (lowest) to 2 (highest) the complete design was obtained using what is often described as a cyclic generator (-2, 1, 2, 1, -2), a repeater of 0 and a difference vector (0 2 3 1). In this type of design, there is no correlation between any concentrations of the compounds; hence, the correlation coefficient is zero. Finally, the design of 76 various mixtures of T, P and I has been obtained. Spectra of 76 various mixtures containing T, P and I were recorded. Example spectra are illustrated in Figure 1 . The data matrix of 76 spectra was taken for calculation. (1) 10 ppm T, (2) 10 ppm P, (3) 10 ppm I and (4) their mixture (10 ppm each of T, P and I) in acetate buffer (pH 5.5).
Multivariate calibration techniques. Multivariate calibration methods (Karaoglan et al., 2007) are performed to calculate the relationship between multivariate data (X-data) and the analytical concentration data (Y-data). In this work, PCR, PLS1 and PLS2 were applied for the simultaneous determination of colorants in mixture solutions.
PCR model is performed by the regression of Y-data from PCA score (T) with coefficient matrix (A) (Equation 1). Variance of X-data is decomposed by PCA to score matrix (T) and loading matrix (P) of principal components. PCR can get rid of noise (E) and the collinear problem in raw X-data by selecting only the important principal components (Equation 2).
PLS1 constructs factor from variation of X-data in order to establish a relationship to the analytical concentration of Y-data. PLS1 model of analytical concentration matrix (Y) is based on score matrix (H), weighted with inner relation between X-data and the analytical concentration in Y-data, and coefficient matrix (Q). E and F are the corresponding residuals matrices. PLS1 can decrease the influence of the analytical concentration Y-data variation by including it to an inner relation as in Equation 3 and 4.
PLS2 regression is used to establish the relationship between the matrix of all analytes concentrations in mixtures and score matrix. Conception of PLS2 is the same as PLS1, but the score matrix (H) is weighted from the inner relation between the variation of X-data and variance of concentrations of all analytes in mixtures. PLS2 model is proposed to remove the influence of the variation of the concentrations of all analytes in mixtures of Y-data.
Score matrix of PCR, PLS1 and PLS2 is calculated using different logic from the different algorithms of three methods and number of equations to determine concentration of three colorants in mixtures.
Three regression equations have been received from PCR and PLS1 to predict T, P and I concentration. Only one equation received from PLS2 has been used to predict the concentration values of all mixtures.
Validation statistics terms. In this work, statistics for validation (Puttemans et al., 1982; Nevado et al., 1999) 
involves:
Cross validation-leave one out is applied for validation of multivariate model. The calculated statistic terms, as in Equation 5-8, contain:
The prediction error sum of squares (PRESS) explains how well the model can predict the analytical concentration (when number of PC (g) was used) in the training set, given by:
The root mean squares difference (RMSD) is the standard deviation of prediction, given by:
The square of the correlation coefficient (R 2 ) indicates how well all of the data in the training set fits into the calibration model, given by:
In the validation step, the predictive ability of each model by validation set is evaluated using the root mean square error of prediction (RMSEP). This is defined as:
where obs i is the actual value of object i and pred i is the predicted value with the model under evaluation of object i, while N and n are the number of objects in the training and validation sets, respectively.
Reliability of prediction depends on training sets with conditions regarding concentrations and concentration ratios of colorants in mixtures. When the prediction results are out of range of concentration and ratio of concentration of colorants in the training set, the prediction would be uncertain.
Data management. The data obtained from spectra of the 76 mixtures were divided into three sets: calibration, validation and unknown. The criteria for dividing the data was "data covering" by considering concentration ranges and ratios of colorant concentrations. Five training sets (A, B, C, D and E as detailed in Table 1 ), chosen from the 76 spectra, were proposed for the study. Optimization of model quality. The quality of multivariate calibration models depends on many factors. The most important factors to study to reduce analytical time and also gain good accuracy from the calibration method are characteristics of the training set and signal.
The calibration models were further investigated by cross-validation (obtaining statistical parameters that show the efficiency for a calibration fit model, using RMSD), internal validation (prediction of dye concentration in its own designed training set of calibration, using R 2 and the absolute difference between predicted and actual concentration of the colorant (error value)) and external validation (prediction of dye concentration in the test set, using RMSEP).
This study includes: (1) multivariate calibration method, (2) training set characteristics and (3) signal characteristics.
RESULTS AND DISCUSSION Multivariate calibration method
The comparison of multivariate calibration methods with PCR, PLS1 and PLS2 was made by considering the validation results of models. PLS2 was selected to apply for the simultaneous determination of colorants in mixture solutions. As expected, prediction results obtained by the training sets were not significantly different if the unknowns were in the boundaries of the training sets.
Training set characteristic
Using PLS2, characteristics of the training sets are presented in Table 2 . Numbers of mixtures in the training set varied from 5-25 mixtures.
Concentration ranges of each colorant in the training sets were fixed within 4-20 ppm. Ratios of the colorants in the mixtures of each training set were controlled to be equal. There were three principal components of PLS2 for all training sets ( Table  2 ). The selection of component number to be used in the model was considered from the scree plot. A scree plot is a simple line segment plot between the eigenvalue against the component number that shows the fraction of total variance in the data as explained or represented by each PC. To determine the appropriate number of components, the component number is taken to be the point at which the remaining eigenvalues are relatively small and all about the same size.
The R 2 values of PLS2 of all colorants of the training sets were not significantly different, but the R 2 values of PLS2 models of I increased when the numbers of training samples decreased. The R 2 value of PLS2 for the training set D was slightly higher than that for the other training sets. When comparing R 2 values for the colorants, the R 2 value of I was less than that of other colorants.
The differences between the predicted concentrations and the expected concentration of T and P were ±1 ppm for all training sets, but the differences between the predicted concentrations and the expected concentration of I was ±2 ppm for PLS2 for training sets A-D and ±3 ppm for training set E. Training set E yielded the predicted concentrations for I with higher errors. Therefore, it was not suitable for use.
The RMSD value of each colorant of PLS2 models of training sets increased when the numbers of training set decreased. RMSD values of prediction of P for training sets A-D were not significantly different. The training sets are suitable for predicting the concentration of P. RMSD values for prediction of P from training sets A-D were 0, but when training samples decreased to 5, the RMSD value of prediction of P was higher than that of the other models. RMSD values of prediction of I for the training sets A-C were not significantly different, but when training samples decreased to 10 samples, the RMSD values of prediction for I became higher. The RMSD value of I from training set D increased within the error of prediction of I in training set D.
RMSEP from external validation of each colorant increased when training set numbers decreased. RMSEP values of prediction increased when training sample numbers decreased to 10, 15 and 20 for T, P and I, respectively.
From the validation results, decreasing the training samples to 10 samples provides no significant difference with training set A, which should be chosen for calibration.
Signal characteristics
Spectra range and interval of spectra of training set D were studied to improve quality of prediction. The characteristics and cross validation results of PLS2 for training set D (using signal ranges of 300-700nm, 370-700nm and 400-700nm) were significantly different. RMSEP value for prediction of I when using 300-700 nm was higher than that of other ranges of signals. Signals in the visible region should be enough to construct the PLS2 model. Spectral range of 400-700 nm was selected to decrease analytical time.
Interval of spectra in the range of 400-700 nm was varied: 1, 5, 10, 20, 50 and 100 nm. Validation results for all PLS2 models for training set D were not significantly different, so spectra range of 400-700 nm with 100 nm interval should be chosen for calibration (Table 3) . Table 4 . Prediction results of PLS2 model with training set D, 400-700 nm, and 100 nm interval (cont.).
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Determination of T, P and I in a mixture by using the optimized model
The predictions of colorants in unknown mixtures as well as those for the 76 mixture solutions are presented in Table 4 . Concentrations of the colorants in unknown mixtures could be predicted correctly when the compositions of the colorants in mixtures were predicted in working range within concentration error. Training set D should be suitable for use.
CONCLUSION
Multivariate calibration methods (PCR, PLS1 and PLS2) were applied for simultaneous spectrophotometric determination of Tartrazine (T), Ponceau 4R (P) and Indigo carmine (I) in mixtures. PLS2 model of training set D using spectra with interval of 100 nm for the range of 400-700 nm was found to be an efficient , respectively. The predictions were guaranteed at error of prediction of each colorant from internal and external validation at ±1, ±1, and ±2 for T, P and I, respectively.
